Abstract -Milling behaviour is problematic when using hydroacoustics to estimate the number of migrating fish in rivers. Milling behaviour was observed for adult sockeye salmon migrating upstream in the Wannock River, to their spawning grounds in the tributaries of Owikeno Lake in the central coast area of British Columbia, Canada. We classified the acoustic salmon tracks to separate the milling fish from the actively migrating fish in an attempt to obtain an estimate of sockeye salmon flux as they migrate to their spawning grounds. We used discriminant function analysis and found that three variables measured on each track were sufficient for the classification of the acoustic tracks into milling and non-milling categories with an approximate classification accuracy of 98%. The method we present can also be used to separate tracks of targets of interest from noise or debris tracks that occur in the acoustic data, if discrete track characteristics are ascertained.
Introduction
Split-beam hydroacoustic systems are widely used along the Pacific coast of North America to monitor the abundance of Pacific salmon (Oncorhynchus spp.) returning to their natal streams to spawn Burwen and Bosch 1996; Johnston and Ransom 1994; Johnston et al. 1993; Mulligan and Kieser 1996; Romakkaniemi et al. 1996; Osborne and Daum 1997) . Target identification and classification are central to this process because the acoustic data include backscatter from targets of interest (salmon), and background noise related to bubbles and debris in the water. a Corresponding author: cronkiteg@pac.dfo-mpo.gc.ca A further challenge for acoustic escapement estimation is posed by the effects of fish behaviours such as milling, on target tracking and subsequent target classification (Xie et al. 2002) . We define milling as non-directed movements within the acoustic beam.
Analysis of riverine acoustic backscatter data relies on target tracking techniques to partition the acoustic data into sets of observations referred to as tracks. Once these tracks are formed and false targets are removed, the number of targets, their direction of travel, and their velocity through the beam can be estimated, and other behavioural variables for classification can be computed (Blackman 1986 ). The track variables represent the average of several individual echoes, and therefore are more robust for classifying backscatter data than a parameter such as target strength, which is measured from a single echo. Target classification to distinguish between valid and invalid targets is currently accomplished manually by scrutinizing electronic echograms in which targets are tracked three-dimensionally over time as they pass through the acoustic beam. We have long recognized that this approach is so labour intensive that it is only tenable when target (fish) densities and passage rates are relatively low, and we have investigated alternatives that would improve the speed and efficiency of this analysis.
Enumerating sockeye salmon (O. nerka) escapement into the Owikeno Lake watershed, a major production area on the central coast of British Columbia (Fig. 1) , with acceptable levels of accuracy and precision has been difficult and a variety of methods have been tested over the past 40 years. During an acoustic feasibility study on the Wannock River (the only marine outlet) in 2002, Cronkite et al. (2003) observed that the fish were actively migrating through the site (either upstream or downstream) and that a substantial number of fish exhibited near-stationary or milling behaviour in the fast current. The detection of milling or other unusual behaviours in fish at an acoustic site would normally lead to the selection of a different site for run enumeration (Enzenhofer and Cronkite 2000) . However, there are a limited number of appropriate acoustic sites on the Wannock River, ruling out the possibility of moving the site to avoid the milling behaviour. Therefore, we sought a statistical method of classifying acoustic fish tracks based on their behaviour in order to remove the nonmigrating group from the dataset and improve our ability to provide timely estimates of salmon escapement. In this paper, we use target tracking techniques and discriminant function analysis (DFA) to describe the behaviour and classify salmon into migratory and non-migratory groups. We used data collected on the Wannock River in 2002 to demonstrate the utility of this approach and to learn how these procedures might be used in acoustic site selection.
Materials and methods

Study area
The majority of Rivers Inlet sockeye salmon spawn in the tributaries of Owikeno Lake in the central coast of British Columbia, Canada (Fig. 1) . The most practical way to monitor total escapement of these sockeye is by using acoustics in the Wannock River, which drains Owikeno Lake. Field reconnaissance prior to the 2002 migration identified a limited number of acoustic sites based on physical site characteristics outlined by Enzenhofer and Cronkite (2000) . The selected site was approximately 300 m from the outlet of the lake at latitude 51
• 40.946' N and longitude 127
• 10.652' W.
Acoustic data collection
Data from a calibrated split-beam echo sounder provide three-dimensional target location in the acoustic beam as a function of time and allow target strength estimation (Traynor 1986; Traynor and Ehrenberg 1990 ) and tracking of individual fish in four dimensions (time and 3D location) (Carlson and Jackson 1980) . Using the data from tracked fish, movement (vector direction and velocity) and fish flux (number of • × 10 • elliptical transducer. The echo sounder was operated at 24 dB re 1 W transmit power with −18 dB total receiver gain. The source level was 211.47 dBuPa@1m and the receive sensitivity was −170.54 dBuPa@1m. The transmitted pulse width was 0.2 ms with a pulse repetition rate of 10 pings per second. Echoes were rejected as targets if they did not meet the minimum amplitude of 200 mV, which was approximately equivalent to a −38 dB target on axis. We used a pulse width acceptance window between 0.1 and 0.3 ms for the returned echo.
The acoustic system was configured in a manner typical for riverine enumeration of salmon (Enzenhofer et al. 1998 ) with the transducer located close to shore and aimed perpendicular to the riverbank. The co-ordinate system commonly used in riverine acoustics consists of X representing the horizontal axis (upstream/downstream direction), Y representing the vertical axis (surface/substrate direction), and Z representing the range from the transducer. The transducer was mounted on a Remote Oceans System dual-axis underwater rotator connected to a shore-based rotator controller. Multiple aiming angles, (pitch of the transducer) were required to collect data from the entire water column, as the 4
• × 10
• transducer could only sample a portion of the water column at any time (Fig. 2 ). Data were not recorded during the brief time periods of transducer re-aiming. The transducer aims were monitored with an underwater position sensor (Jasco 1995; Racca 1999) which provided data on pitch, roll, magnetic bearing and water temperature. The elecAngular Distance Tortuosity tronic components were housed in a small shed mounted on a log raft and were powered by a 2 kW gasoline generator. The complete acoustic system was calibrated in March 2001 at the manufacturer's calibration facility. An in-situ target calibration was also performed using a 38.1 mm tungsten carbide sphere, which produces nominal target strength of −39.5 dB in freshwater (MacLennan and Simmonds 1992). We measured mean target strength of −39.5 dB in our field calibration at the Wannock River site.
Data analysis
Target echoes from the Wannock River were analysed and assigned to tracks using the Alpha Beta algorithm (Blackman 1986 ) as implemented in ABTrack Fish Tracker software (Pacific Eumetrics 2002). These tracks were then edited using Polaris Echogram Editor software (Pacific Eumetrics 2002) and manually classified by an experienced acoustician using 2-dimensional track projections as either migrating (i.e. upstream and downstream migrating salmon) or milling fish. The locations of the echoes belonging to a track gave the three dimensional trajectory of each target as it moved through the acoustic beam. The data from each aiming angle was treated as a separate data set and was processed independently. The use of tracks as the primary data object has two advantages. First, classification is based on the behaviour of targets as they move through the beam, e.g. target velocity. Second, grouping echoes into tracks smoothes measurement errors in the positional data and provides a better description of the average behaviour of a target as it moves through the beam (e.g. as per central limit theorem; Abramowitz and Stegun 1972).
Unambiguous manually classified tracks from the Wannock River data were divided into learning and test (validation) datasets. The learning data contained tracks from 86 migrating and 81 milling fish (0.1% of complete data set). A quadratic discriminant function was derived that best separated tracks in the learning dataset into migratory and non-migratory groups (e.g. Legendre and Legendre 1983) . We estimated values of the following behavioural parameters for each track: velocity in the upstream/downstream direction, or X-direction (X-Speed), direction of travel in the X-direction, maximum angular distance the track covered along the X-axis (Angle-X, Fig. 3) , tortuosity, the ratio of the sum of the echo to echo distances travelled by the fish to the straight line distance between the first echo to last echo of a track (Tor-X, Fig. 3 ), and X-ratio, the ratio of the sum of the echo to echo distances in X divided by the echo to echo distances in XYZ (3 dimensional path). Angle-X is independent of the target range from the transducer, whereas X-distance increases with target range because the width of the acoustic beam increases with range. When defining all of these characters, we smoothed the observed echo locations with a median smoothing algorithm to reduce measurement error (Fig. 4) . Frequency plots (example Fig. 5 ) of these parameters were visually inspected and Welch Modified Two-Sample t-Tests were run to determine which parameters produced significant separation between the milling and migrating fish groups in the learning dataset. Based on the results of these tests we chose Angle-X, Tor-X and X-Speed for the DFA. S-PLUS was used for all statistical analyses (S-PLUS 1999) .
We tested the validity of the discriminant function on an independent subset of tracks from the Wannock data. We used the DFA classification results from the test data as an estimate of the accuracy and precision of the DFA classification procedure. The test data were also manually classified by an experienced acoustician as described above, independent of the DF testing and these results were used to assess the performance of the DF model.
Next we chose an additional independent data set from the Wannock data to test the performance of the classification model. This data set included tracks whose classification was not as unambiguous as those used for the learning data (Fig. 6) . The test data consisted of 65 tracks from migrating fish and 23 tracks from milling fish (0.05% of complete data set). Once these tracks were classified using the DFA model developed from the learning data, we compared the DFA-classification of the test data tracks with our manual classification of the test data.
Lastly, we manually examined the DFA classification for a 2600 track subset of the Wannock River data (1.5% of complete data set) to compare these results with our manual classification of these tracks. To do this we modified the Polaris Echogram Editor to colour code the tracks by the category assigned by the DFA. We examined the trajectories from DFAclassified tracks and compared them to our manual classification. Having verified that we had achieved adequate accuracy, we proceeded to classify the entire data with the DFA model, and examined the results to determine the fish behaviour and distribution in the Wannock River.
In this application of DFA, we do not have an independent measure of the category for each observed fish track. We are therefore classifying them manually and developing an automatic classification procedure that closely agrees with our manual classification. Since we observed tracks from thousands of fish in the entire data set, the use of an automated classification procedure saved enormous time and effort. In addition, we hoped that the same DFA model might be useful for this acoustic site in future years, if the fish behaviour remained similar over time.
Finally, we examined the entire data to learn if there were other differences between the groups of migrating and milling fish. We were especially interested in differences in the acoustic measure of fish size (target strength) and differences in the spatial and temporal distributions of the fish groups in the river. We also needed to treat the numbers of tracks from the two categories differently when estimating the salmon flux, since an individual milling fish could be tracked several times, whereas a migrating fish would be tracked once.
Results
Migration behaviour apparent in the data
Three categories of salmon behaviour were identified in the Wannock River data from 2002. We believe these represent migrating, both upstream and downstream (Figs. 7a,b) , and milling (Figs. 7c,d ) fish. Milling fish were typically nearstationary for several minutes until they either slowly moved out of the beam or the acoustic system automatically re-aimed to another position. Milling fish have potential to cause bias in the estimates if for example, they hold their position or slowly change their position such that they are viewed during a subsequent transducer aim. We have no way of determining if this situation occurred with individual milling fish, and therefore estimates of milling fish were not derived. However, this is not an issue in determining the population of salmon migrating to the spawning grounds as only actively migrating fish are used to derive the flux estimates. The actively migrating fish appeared in the beam for shorter periods of time and displayed characteristic tracks that enter the beam on one side and exit on the other. Migrating fish were seen travelling in both the upstream and downstream directions, but for the data analysed in 2002, less than two percent of the migrating fish were travelling in the downstream direction. In contrast, the milling fish generally showed a near 1:1 ratio of upstream tracks to downstream tracks, which means that estimation of direction of travel of these near-stationary fish was essentially random.
DFA and effectiveness of classifiers
Trials with various combinations of characters lead us to choose the absolute value of AngleX, the log 10 of TorX and XSpeed as the final set for DFA. T-Test results showed that Angle-X, log 10 of Tor-X and X-speed displayed significant differences between migrating and milling fish (t = −22.5, d f = 137.6, p-value = 0; t = 13.3, d f = 88.0, p-value = 0; t = 13.9, d f = 115.3, p-value = 0, respectively). Using the first two variables produced similar classification results as a DF based on all three variables. However, the addition of XSpeed allowed us to differentiate upstream and downstream migrating fish. The results of the DFA demonstrate that reliable classification was achieved (Tables 1 and 2 ). Of the 167 tracks in the learning data, 163 were correctly classified, representing an overall classification accuracy of 97.6%. The same level of accuracy was achieved for the 2600 track Wannock River data subset when compared with the assessment of the same data set made by a trained acoustician. The 2600 track data subset was more than is required during standard operations, but we wanted to confirm that the method was functioning correctly under many different track scenarios. The track misclassification rate was low (4 examples in 167) and misclassification occurred when the probability that a track belonged to either group differed substantially from 1. Close inspection of these tracks showed that they were of poor quality, likely due to interference from environmental noise or 210 G. Cronkite et al.: Aquat. Living Resour. 20, 205-212 (2007) loss of data due to interference between targets (see Cronkite and Enzenhofer 2002) . Environmental noise and interference between targets can add or remove accepted echoes from fish tracks or cause inaccurate measurement of target position in the beam. These factors can create track information for which the direction of travel cannot be determined or for which the echoes do not meet criteria used by the echosounder for single target detection and therefore cannot be assigned to a fish target.
Site specific optimisation of the discriminant function
It is essential that the discriminant function developed for a particular application be tested for effective performance. During testing at an acoustic site at the upper end of Owikeno Lake in 2003 (Secondary Acoustic Site, Fig. 1) , we used the DFA routine that was optimised for our acoustic site on the Wannock River in 2002. We knew that the routine was not functioning optimally, but we decided to optimise the routine after the data collection was complete. We obtained a net upstream flux of approximately 32 000 fish in-season but with the optimised routine, which was checked for performance by acousticians, we obtained a net flux of −380 fish post-season. The DFs developed for this site achieved approximately 92% agreement with trained acousticians and the results showed nearly equal upstream and downstream migration. Based on these data, we believe that the fish were moving freely back and forth between the two lakes and some fish may have been dropping back downstream after spawning. Once the DF was optimised for the site, we recognised this behaviour and we rejected this particular acoustic site because accurate estimates of flux were not possible.
Plots displaying salmon behaviour
Once the fish tracks have been classified into milling and migrating categories, we were then able to make some exploratory plots to learn more about these behaviours. In the Wannock River there was a tendency for spatial separation between two of the three categories of fish with the upstream migrants being closer to the right-bank and the milling fish being closer to the left-bank (Fig. 8) . The downstream migrating fish appear to be randomly distributed throughout the river cross-section, although they were few in number.
Discussion
We have showed how DFA proved useful in separating tracks into user-defined categories, in the Wannock River case, migrating and milling fish, to allow us to calculate the flux estimates for the migrating portion of the salmon population. We acknowledge that multiple regression analysis could be used for the example we introduce, but we present the DFA method as often researchers will want to define more than two track categories. The Wannock River project was a useful test case for track classification as the fish behaviours were distinct and allowed automatic classification of the data into two categories, which saved a great deal of time in "cleaning" the data (i.e., identifying and removing unwanted targets). This automated classification agreed closely with an independent manual classification by an experienced acoustician. Exploratory plots, such as the one shown in Figure 8 , are used to check transducer aims and patterns of fish behaviour and these plots are time consuming to produce manually. However, the use of automated classification allows exploratory plots to be prepared easily, and corrections applied if necessary.
DFA can be used to determine the magnitude of problematic fish migration behaviour or debris tracks in the data that may bias flux estimates through a site. The tool requires that some data be collected to act as the learning data set before the best set of DF can be developed and applied to the collected data sets. In the worst case scenario, the most effective set of DF may have to be determined post-season, but we have shown that useful DF can be developed with a relatively small quantity of data, thus allowing the possibility of determining useful DF early in the season and applying them through the remainder of the salmon migration. With this approach, acoustic sites can be quickly assessed and rejected if problematic behaviours are excessive. In the case of the Wannock River we used DFA and achieved flux estimates, but we also determined that milling behaviour among fish in the river was of sufficient magnitude to reject the enumeration site for the long term, since this behaviour creates substantial uncertainty in flux estimates.
Large errors in the estimates of flux can occur if the DFA routines are not carefully optimised and tested for performance on the data. For example, when we tested a second site at the upper end of Owikeno Lake, the overall flux was overestimated when the DFA routine developed for the Wannock River was used. Subsequent optimisation and testing revealed very low net upstream passage along with high counts of fish migrating in both directions, leading us to conclude that the second site was not useful for measuring fish flux, as the fish were migrating upstream and downstream in nearly equal proportions between two lakes. The site was located near several spawning tributaries and it was likely that once some of the fish had spawned, they moved back downstream, giving erroneous estimates of the net spawning population above the site.
We stress that each acoustic site may be somewhat unique and the data needs to be examined in detail to determine which variables may be useful in developing DF to categorise the data. We presented some examples that we found useful (Angle-X, Tor-X, X-speed) which may work well in other situations, but certainly other behavioural traits may be useful under differing circumstances, a simple example being target strength. However, target strength alone may not provide good separation between categories as we have measured a significant overlap in target strength distributions between target types, due in part to the large variability of echo to echo target strengths in the riverine environment due to the low signal to noise ratio. If target strength data are combined with other track characteristics then it can be more useful for separating tracks into categories.
Acoustic noise in the data can be identified and removed with the use of DFA as noise data often exhibits characteristics that differ from the fish track characteristics. For example, we were able to remove tracks attributable to drifting log debris simply by using an X-speed DF as the logs displayed a significantly slower average speed than the migrating fish. This is a simple example of categorising tracked data, but often a wider range of discriminant functions needs to be determined to separate the targets of interest from the noise, as we have described for migrating and milling fish. Tracks due to noise from wind, rain, entrained debris and river surface or substrate tend to exhibit characteristics that allow them to be distinguished from the tracks of migrating fish.
We believe that the DFA method is useful in interpreting riverine split-beam acoustic data. The method may also have applications in marine acoustics, allowing the determination of single fish tracks for the species of interest in the presence of acoustic noise or other species, for the determination of single fish target strengths. The DFA method may also be applied to other types of acoustic data such as imaging acoustics, anywhere that distinct traits can be determined for the data, allowing categorisation of the tracks and therefore isolation of the data of interest with minimal effort.
